This paper explores the use of crowd sourced data on land cover. It compares data collected through the Geo-Wiki system describing cropland land cover with cropland data recorded in global land cover datasets. Using an African case study, local confusion matrices are calculated at discrete locations. At location the strongest correspondences are used to infer which global dataset best describes cropland at each location. Future research areas are suggested.
Introduction
Land cover and land cover change have been found to be important variables in understanding land-atmosphere interactions and particularly the impacts of climate changes (FEDDEMA et al. 2005) . A number of different global datasets describe land cover but with considerable disagreement between them in the amount and distribution of different types of land cover features particularly in relation to forest and cropland. This is a long-standing problem, one that has been recognised since the emergence of different global datasets in the early 1990s which differ, for example, by as 20% differences in the amount of land classified as arable or cropland (FRITZ et al. 2011) . The potential errors and uncertainties associated with these products mean that their input into applications such climate models is questionable. They certainly cannot be used to model land cover change.
There is considerable interest in crowdsourced data, also referred to volunteered geographical information (VGI -GOODCHILD 2007) when it includes a locational reference. The European Commission has funded projects to determine how such data may be used to manage crises or emergencies 1 , to monitor deforestation 2 and the head of GMES has noted crowdsourcing to be critical for future environmental monitoring 3 . Many other research areas are aware of the benefits of employing the crowd 4 . The amount and types of VGI have increased dramatically in recent years, taking the form of posts, blogs, geotagged tweets, geotagged pictures, data on specific events (e.g. weather) due to the increased availability of location-enabled digital data capture devices. There are considerable opportunities for many areas of research and investigation if the potential of information collected by volunteers can be harnessed (COHN 2008 , COLEMAN 2010 , HAKLAY et al. 2010 , HAND 2010 , PERGER et al. 2012 and recent work has shown how VGI can be used to generate forest inventories (VAN DER and to validate global land cover maps ).
This research explores the utility of crowd-sourced or volunteered information about land cover, specifically cropland. Crowdsourced data on cropland are used to determine which of the many global datasets best describe cropland land use in different areas, using an African case study. The aims of this research were to: 1) Estimate spatially distributed measures of correspondence between volunteered information on cropland with cropland data from 7 global land cover datasets. 2) Use the estimated measures to infer which of the global datasets best describes cropland in each location.
Methods
Local measures of correspondence between volunteered land cover and land cover from global datasets were generated from geographically weighted measures of correspondence ) and calculated at regular locations through the study area. These methods are described in more detail below.
Volunteered data on cropland was captured through a Geo-Wiki campaign incorporating a web-based interface using Google Earth (PERGER et al. 2012 ). Volunteers were recruited informally for different campaigns involving both the remote sensing community and the wider public. The campaign was undertaken in the autumn of 2011 using the Human Impact Geo-Wiki (http://humanimpact.geo-wiki.org). Based on their interpretation of the landscape, each volunteer assigned sample locations to one of 10 predefined land cover classes, including the class of Cultivated and managed. The land cover at a total of 17382 locations were recorded by the volunteers for an African case study. At each location the proportion of cropland recorded was extracted, from the following global datasets: JRC, GlobCover, GLC, MODIS, GeoCover and Hansen.
The analysis sought to identify correspondences between the proportions of cropland indicated in the global datasets and the presence of cropland. The volunteered data on cropland describing Cultivated and managed were converted to a binary dataset indicating the presence of either of these classes. These were logistically regressed against the proportions of cropland indicated at each sample location by the global land cover datasets. Only the Globcover dataset was not a significant predictor of VGI cropland. Then, a geographically weighted logistic regression of VGI cropland against the proportions of cropland indicated by the global datasets, except for Globcover, was used to determine which of the global datasets best predicted the VGI data.
where P(y i = 1) is the probability that the VGI cropland cover class y at location i is correctly predicted; b 0 is the intercept term; x 1...n are the proportions of cropland indicated in the 6 global datasets (n = 6) under consideration; b 1...n are the slopes; and (u i , v i ) is a vector of two dimensional co-ordinates describing the location of i over which the coefficient estimates are assumed to vary. The logit function is defined by:
where q is any value.
A bandwidth was set to include 1% of the data points for the local geographically weighted analyses computed at each location in the study area as defined by 100km grid covering the study area. The basic idea here is that all of the global dataset cropland proportions are considered as a series of independent variable in the logistic regression. The analysis returns a coefficient for each of those, the highest of which indicates the strongest effect in predicting the presence of VGI cropland.
Results
The results of the GWR analysis, identifying the best predictor of VGI cropland, identify for each location in the study area, the independent variable representing the global land cover datasets. That is, the global dataset with the largest coefficient was considered as the strongest predictor of the volunteered information on cropland use. The spatial distributions and the global land use datasets they suggest are shown in figure 1.
Fig. 1:
The spatial distribution of the global land cover datasets that best predict VGI on cropland
Discussion
There are obviously many assumptions embedded in this research. However, it is very much at an early stage and is part of a wider suite of research activity that is variously:
 Developing methods for determining VGI quality , FOODY & BOYD 2012 ;  Considering formal informatics methods for combining evidence (Bayesian, Probability, Dempster-Shafer, Possibility, Endorsement theories) to determine at what point does the weight of evidence indicate that the VGI is 'believable'; Exploring different thresholds of user reliability moving away from some of the more naïve methods such as 'Linus Law' which is a simple form of 'accepting the crowd' (e.g. HAKLAY et al. 2010) .
